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Abstract

Methods for comparing associative relationshipsoaesr on-
tologies often rely solely on lexical similarity tveen the
names of the relationships, which may lead to rdissatches
and inaccurate matches. In this paper, we proposeoeel
method based on the analysis of paths between agoiv
concepts across ontologies. Patterns of relatiopslaire iden-
tified for each associative relationship. The nfostuent pat-
terns indicate a correspondence between an as$eeiatla-
tionship in one ontology and one relationship (ombination
thereof) in the other. We applied this method to dmtologies
of anatomy. Our method was able to identify theespon-
dence between relationships even in the absendexifal
similarity between relationship names. The varidyses of
matches identified are discussed as well as théicgtipn of
this method to detecting inconsistencies acrossthelogies.
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I ntroduction

Knowledge representation systems generally comsiston-
cepts modeled by hierarchical relationships. Asartgntly,
concepts in ontologies are connected by associathation-
ships. While hierarchical relationships have bdendbject of
careful inventories and standardization [1, 2]pakgive rela-
tionships tend to differ from system to system ames, se-
mantics, and the constraints associated with thegr This is
also because, unlike taxonomy and mereology whiehrex
quired in virtually all ontologies, the theories pesssed
through associative relationships are generallcifipeto a
subdomain. But even in a given subdomain, largierifices
may be observed in the use of associative reldtipasacross
systems, often corresponding to modeling choices.

Whether for merging, translating, or aligning, dagy match-
ing techniques should consider not only the sintylaamong
concepts, but also that among relationships, btaichical
and associative. Due to the relatively limited avedl-defined
semantics of hierarchical relationships, their rhiaig across

ontologies is generally an easy task which candveet out

manually with limited domain knowledge. Associativea-

tionships, in contrast, come in many different dess dictated
by the domain. Therefore, a different approacleguired for

matching them across ontologies. The objectivehisf paper
is to identify equivalent expressions for assoe@tielation-

ships across two ontologies of anatomy. A secondhjsctive

is to assess the consistency of associative refdtips across
ontologies.

We assume that one associative relationship incoelogy
can be expressed in another ontology by eitherhanasso-
ciative relationship or a combination of assocetand hierar-
chical relationships. Ideally, for a given assdegtrelation-
ship in one system, we expect to find a one-to-anreespon-
dence in the other ontology. More realistically,rrespon-
dence to many or no relationships must also beiderex.
Finally, we assume the frequency with which a pomdence
between two associative relationships is foundacabsurro-
gate for the validity of the correspondence.

Our domain of interest for this study is anatomye ¥élected
two comprehensive ontologies representing anatdrkicavl-
edge: the Foundational Model of Anatomy (FMA) ar t
GALEN common reference model. This study logicdth-
lows previous work in which we identified equival@oncepts
between FMA and GALEN using lexical resemblancevben
concept names and shared hierarchical relationg][3n this
study, we focus on associative relationships withdbjective
of comparing their expression across systems. Xpeoted
benefit of this study is to provide additional duer identify-
ing equivalent concepts across systems.

Background

The general framework of this study is that of togy match-
ing. However, few of the tools and algorithms depeld for
ontology matching deal with the issue of comparmsgocia-
tive relationships. For example, those only comaigetaxo-
nomical relationships include the Chimaera envirentrfor
merging and testing ontologies [5], the bottom-ugAF
MERGE method for structurally merging ontologie$, [énd
the machine learning based GLUE system for idantfgimi-
lar concepts with higher probabilistic measure &al|j7].



PROMPT, as one the few tools to consider assoeiatia-
tionships, suggests merging relationships acrodslagies
when they have linguistically similar names [8]. chor-
PROMPT searches for paths through associative &rdrh
chical relationships for finding semantically siarilconcepts,
but ignores what relationships are on the pathtbey match
across ontologies [9].

Methods for comparing associative relationshipsstasolely
on similarity among relationship hames are notafpuveak.
These methods fail to identify similar relationshipaving
different names and may wrongly associate differetztion-
ships having resembling names. But more importahéye,
the correspondence between one relationship arainhioa-
tion of relationships could not be discovered bghsmethods.
The major contribution of this paper is to propa@saovel
method for identifying semi-automatically the capendence
between associative relationships across ontologies

Materials

The Foundational Model of Anatorh=MA) [March 4, 2003
version] is an evolving ontology that has been urtiisrelop-
ment at the University of Washington since 1994, [10). Its
objective is to conceptualize the physical objexid spaces
that constitute the human body. The underlying datdel for
FMA is a frame-based structure implemented withtéré-
2000. The 66,879 concepts in FMA cover the entirgge of
macroscopic, microscopic, and subcellular canor@natomy.

The Generalized Architecture for Languages, Engetitas
and Nomenclatures in medichéGALEN) [v. 6] has been
developed as a European Union AIM project led ey thni-

versity of Manchester since 1991 [12, 13]. The GAL&m-

mon reference model is a clinical terminology repréed
using GRAIL, a formal language based on descripligjics.

GALEN contains 52,006 concepts and intends to sgiethe
biomedical domain, of which canonical anatomy iyaime

part.

Both FMA and GALEN are modeled hbga andPART OF rela-
tionships and allow multiple inheritance. Relatiaps in
GALEN are generally finer-grained than in FMA. Rbe pur-
pose of this study, we considered as only PART OF rela-
tionship the various kinds of partitive relationshipresent in
FMA (e.g.,part of, general part of) and in GALEN (e.g.isStruc-
turalComponentOf, isDivisionOf). ISA and PART OF have inverse
relationships,INVERSE ISA and HAS PART. Additionally, there
are 59 kinds of associative relationships betwestepts in
FMA. While most of them have inverses (elganch of and
branch), a few do not (e.gipput from). GALEN has 562 asso-
ciative relationships and all of them have invergeg.,isBran-
chof andhasBranch, isServedBy andserves).

! http://fma.biostr.washington.edu/
2 http://www.opengalen.org/

M ethods

Methods for comparing associative relationshipsha®sed on
a group of equivalent concept pairs across two logies.
Using the lexical and structural alignment methedadibed in
[3], 2,604 equivalent pairs of concepts were idattibetween
FMA and GALEN, accounting for about 4% of FMA copte
and 5% of GALEN concepts. For exampiancreasin FMA
and Pancreasin GALEN match as they have the same name
and share some hierarchical relationships to otigeivalent
concepts (e.gHAS PARTEXxocrine pancreaandHead of pan-
creag. These concepts are also called anchors bechage t
are going to be used for matching the associaéilaionships.

Under our hypothesis, a correspondence betweetiorehips
across ontologies is indicated by the frequent@aton be-
tween one inter-concept relationship in one ontplagd ei-
ther another relationship or a combination of refathips
between the equivalent concepts in the other ogyol®hus,
our method consists of identifying for each asso®arela-
tionship in FMA the corresponding relationship ¢@mmbina-
tion thereof) in GALEN. The same process is apptigdting
with GALEN relationships.

Acquiring associative relations

Inter-concept associative relationships are gelyerapre-
sented by semantic relatiorsconcept, relationship, con-
cept>, whereconcept links to concept throughrelationship
Acquiring associative relations consists of exiracthe rela-
tions explicitly represented and complementing thissing
inverse relations. In canonical anatomy, the invedations
are essentially always valid, although this may mextessarily
be the case in the real world [14]. For examglasalCavity,
isServedBy, ArteryOfNasalPassage>was complemented in
GALEN from an explicit relation<ArteryOfNasalPassage,
serves, NasalCavity=>

Instead of explicitly representing the relationcoihceptX to
conceptY through an associative relationship such<ds
branch_of, Y>, ontologies sometimes reify this associativarel
tionship in a hierarchical relation betwe&nand a concept
called Branch of Y i.e., <X, 1sA Branch of Y> These two
relations are semantically equivalent. In orderfdgilitate
comparisons across ontologies, in each ontology,magle
explicit the relations implicity embedded in thencept
names (reified). We applied this augmentation teglato the
reified branch of and tributary of relationships in FMA ands-
BranchOf in GALEN. For examplegLateral cutaneous nerve
of forearm,branch of, Musculocutaneous nervexas added to
FMA from an explicit hierarchical relatiodLateral cutane-
ous nerve of forearm)sA Branch of musculocutaneous
nerve>

Identifying relationship patterns

As anchors represent the correspondence betweevaks
concepts across ontologies, relationship pattezpeesent the
correspondence between relationships (or combimatio
thereof) across ontologies. Such patterns are ifaehby in-
vestigating the relationships among anchors intén@ sys-



tems. More precisely, for each associative relatign be-
tween two anchors in one ontology, we searchealfashort-
est paths between the same two anchors in the othelogy.
We ignored paths involving more than six relatiopshbe-
cause it would be both unlikely to find them wittethigh fre-
quency sought and difficult to determine their setica. Both
hierarchical and associative relationships arewatb in the
paths. However, we ignored the paths where an ids@c
relationship and its inverse are present becaude [zaths are
usually not indicative of an associative relatidrinterest be-
tween the two anchors. For exampléyer — isServedBy —
AutonomicNerveOfAbdomen serves — SurfaceOfLivewas
ignored for this reason. An associative relatiopghétween
two anchors in one ontology and a combination ddtien-
ships between the same two anchors in the othevogyt
compose a path pair.

Concepts are removed from the paths to createiaceship
patterns. Additionally, these patterns are sinmgifby repre-
senting several successive relationships of theedand by
only one relationship. However, multiple occurrencsf a
relationship are left intact if separated by othedationships.
These transformations generate pattern pairs frath pairs.
For example, from the path pair:

FMA: Pancreas- arterial supply —» Dorsal pancreatic artery
GALEN: Pancreas - isServedBy — CaudalPancreaticArtery
— isBranchOf — InferiorPancreaticArtery — isBranchOf —
DorsalPancreaticArtery

the following pattern pair is obtained:

FMA: arterial supply
GALEN: isServedBy - isBranchOf

This pattern pair is indirect as it involves monar one rela-
tionship. It would be direct otherwise. In orderassess the
consistency of associative relationships acrosslogies, we
scrutinized the associations of a relationshipria ontology to
both a given pattern and its inverse in the otheology. To-
ward this endeavor, inverse patterns were systeatigtigen-
erated by reversing the order of the relationshighe pattern
and replacing each relationship by its inverse.niplas of
inverse patterns includsservedBy - isBranchOf andhasBranch -
serves. Finally, the frequency of each pattern pair (ithe
number of paths pairs this pattern pair comes from3 re-
corded in order to select only the most frequeimtspas they
are also expected to be the most significant orless, ignor-
ing “accidental” pattern pairs.

Results

Associative relations acquired

The number of associative relations acquired in Fli#d
GALEN is listed in Table 1. Among the total numizérasso-
ciative relations, complemented relations have ahrlarger
proportion in GALEN than in FMA. Conversely, augrtegion
techniques generated much more relations in FMA tima
GALEN. The last row in Table 1 shows the nhumbeassocia-

tive relations among the 2,604 anchor conceptsMi Rand
GALEN.

Table 1 — Number of associative relations in FMA an

GALEN
Associative relations FMA GALEN
Explicit 18,688 288,731
Complemented 1,05) 249,938
Augmented 1,839 108
Total 21,583 538,778
Among anchors 8471 6,922

Path pairsand pattern pairsidentified

4,070 inter-anchor path pairs between FMA and GAlNe
obtained. 350 pattern pairs were identified frorasth path
pairs, and 47 of them are direct pattern pairs.
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Figure 1- Frequency distribution of pattern pairs

Table 2 — Example of pattern pairs

FMA GALEN Frequency
PART OF isBranchOf 518 13%
branch of isBranchOf 310 8%
HAS PART isTo 166 4%
tributary of isBranchOf 104 3%
member of ISA 42 1%
nerve supply PART OF - isServedBy 16 0.4%
PART OF - isNonPartitivelyContainedin 10 0.25 %
contained in
contained in BoundsSpace - INVERSE ISA 2 0.05%

Figure 1 presents the number of pattern pairs ditferent
frequency intervals, and Table 2 lists some exasplgattern
pairs. Figure 1 shows that a small number of padterccur
with a high frequency, while the majority of patteroccur



much less frequently (often only once or twice)eTgattern
pair with the highest frequency {§MA: PART OF, GALEN:
isBranchOf}, and 518 path pairs have this pattern resulting in
frequency of nearly 13% of the total 4,070 pathrpal he
pattern pair with the second highest frequency (B&{fMA:
branch of, GALEN:isBranchof}, shared by 310 path pairs. For
the leftmost bar in Figure 1, each of the 168 pastés sup-
ported by three path pairs or less. One of thesefiequency
pattern pairs ifFMA: contained in, GALEN: boundsSpace -
INVERSE ISA}, shared by two path pairs.

Relationship matches

Simple matches (1:1): There are cases where one associative
relationship in one ontology matches only one retethip
pattern in another ontology. For example, as shiowrable 2,

for the associative relationshipember of in FMA, 42 path
pairs were found in GALEN and all of them share pa#ern,
{FMA: member of, GALEN:ISA}.

M ultiple matches (1:n): On the other hand, many associative
relationships correspond to multiple relationshittgrns. For
example, for the associative relationshirial supply in FMA,

74 path pairs were found from which multiple pattewere
extracted. High-frequency patterns are listed irbl@a3.
Among the inter-anchairterial supply relations in FMA (74 in
all), 24% are represented in GALEN BgervedBy, 46% by
isServedBy combined with another relationship, and 30% by
other combinations of relationships.

Table 3 — Multiple matches farterial supply

FMA GALEN Frequency
isServedBy 18 24 %
IsServedBy - isBranchOf 16 22 %
IsServedBy - PART OF 12 16%
arterial supply
IsServedBy - ISA 4 5%
IsServedBYy - INVERSE ISA 2 3%
Other combinations 22 30%

Discussion

Lexical vs. semantic correspondence

Although we did not use lexical methods to matcipagmtive
relationships, we can compare the results of odhaakto that
of lexical techniques. The following three circuarstes may
occur between two associative relationships aaotdogies.

1. Similar relationship names and semantics: three oc-
currences (e.g{FMA: branch of, GALEN:isBranchOf},
and one of its path pairs Rerineal nerve- branch of
— Pudendal nerven FMA and PerinealNerve- is-
BranchOof — PudendalNerven GALEN). This repre-
sents the ideal case.

2. Similar relationship names and differing semantics:
four occurrences (e.g., no paths were found to @upp
the patterr{FMA: bounded by, GALEN: isSpaceBound-
edBy} that could have been suggested lexically). This il-
lustrates why we did not want to rely on lexicahisar-
ity for matching relationships.

3. Different relationship names and similar semantics:
eleven occurrences (e.gEMA: nerve supply, GALEN:
isServedBy}, and one of its path pairs Rronator tere
— nerve supply —» Median nervein FMA andProna-
torTeres — isServedBy — MedianNervein GALEN).
This mapping would have been missed by methods re-
lying solely on lexical similarity.

Analysis of relationship matches

In 87% of the cases, one associative relationsbipesponds
to a combination of hierarchical and associativati@nships
in another ontology (e.g{FMA: arterial supply, GALEN: is-
ServedBy - ISA}, and one of its path pairslisver — arterial sup-
ply — Hepatic arteryin FMA andLiver - isServedBy — In-
termediateHepaticArterys ISA — HepaticArteryin GALEN).
This is indicative of different levels of granulgror modeling
choices in the two ontologies. Here, for examge, ¢oncept
IntermediateHepaticArteris not represented in FMA.

In 9% of the cases, pattern pairs consist of ors®dcative
relationship in one ontology and a hierarchicahtiehship in
the other. For example{FMA: bounded by, GALEN:
HAS PART} was extracted from path pairs such lager —
bounded by — Surface of livein FMA andLiver — HAS PART
— SurfaceOfLiverin GALEN. Actually all inter-anchor
bounded by relations in FMA were represented S PARTIN
GALEN. The two relationships in the pair must net inter-
preted as being semantically equivalent. More yikgdis indi-
cates that no associative relationships in GALENtcma
bounded by in FMA. Here,bounded by and HAS PART simply
happen to co-occur between the same anchors.

Most matches are multiple matches, in which oneaatve
relationship in one ontology matches several padtén the
other. In the case cfiterial supply illustrated in Table 3, it is
clear that the relationshgpterial supply in FMA corresponds to
isServedBy in GALEN, alone or combined with other relation-
ships, in a large majority of cases. Not shown &bl€ 3, the
relationshipisServedBy in GALEN, corresponds to three dif-
ferent relationships in FMAarterial supply, venous drainage and
nerve supply. Here, the three relationships in FMA are finer-
grained than the unique relationship in GALEN.

Not surprisingly, no match was found for some asdive
relationships. About 56% of the associative refegiops in
FMA and 84% in GALEN do not appear in the pattgeg.,
fascicular architecture in FMA and isPositionedDistalTO in
GALEN). Logically, there is no correspondence in ANbr
isPositionedDistalTO in GALEN since no associative relation-
ships in FMA describe topological relationships agaon-
cepts.



Inver se patter ns matching the same relationship

An associative relationship is not expected to matce pat-
tern and its inverse in the other ontology. Actyalte found a
small number of such occurrences, which we examisas-
pecting that they may reveal inconsistencies.

One such case, illustrated in Table 4, is represeby the two
pattern pairs:{GALEN: isSpaceDefinedBy, FMA: PART OF}
(with 102 path pairs) anflGALEN: isSpaceDefinedBy, FMA:

HAS PARTH (with 6 path pairs). Paths corresponding to these

patterns includ®©rbitalCavity — isSpaceDefinedBy — Orbit in
GALEN andOrbital cavity — PART OF — Orbit in FMA for
the former andConjunctivalSac— isSpaceDefinedBy — Con-
junctiva in GALEN and Conjunctival sac - HAS PART —

Conjunctivain FMA for the latter. What happens is that,

unlike in GALEN, Conjunctival sads not considered a cavity
in FMA. Although supported by lexical and structusamilar-
ity based on the hierarchical relationshi@gnjunctival sac
does not seem to be an anchor, as indicated lagsisciative
relations to other anchors.

Nevertheless, as illustrated in Table 4, not adlesaof inverse
patterns are indicative of inconsistencies. Patieesponding
to these patterns includéxternalNasalNerve- 1SA - Pe-
ripheralNerve — hasBranch — AnteriorEthmoidalNerveand
ExternalNasalNerve - isBranchOf — PeripheralNerve -
INVERSEISA — AnteriorEthmoidalNervein GALEN match
External nasal nerve- branch of — Anterior ethmoidal nerve
in FMA. These two paths in GALEN do not conflict.

Table 4 — Associative relationship matching inveratterns

FMA GALEN Frequency
PART OF 102 25%
isSpaceDefinedBy
HAS PART 6 0.15%
ISA- hasBranch 2 0.05%
branch of
IsBranchOf - INVERSE ISA 2 0.05%

Limitations and futurework

In our method, the identification of equivalent@sative rela-
tionships is based on the existence of anchors,eqeiivalent
concepts across ontologies. Therefore, the assaciaation-
ships that do not participate in any paths betvag@mors can-
not be matched by this method (eJgscicular architecture in
FMA).

The equivalent concepts used for identifying egeivarela-
tionships were extracted automatically and havebeen vali-
dated by domain experts yet. The inaccurate ideatibn of
equivalent concepts may lead to the inaccuratetifietion
of equivalent relationships (see t@enjunctival sacexample
presented earlier).

Beside the validation, we plan to take advantaghe@®quiva-
lent relationships identified here for discoverimgre equiva-
lent concepts. Finally, we will move to our broadéijective,

i.e., to investigate the reasoning capabilitietheftwo ontolo-
gies.
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